Quantitative real time PCR (qPCR) remains by far the most cost-effective, fast yet sensitive technique to check the gene expression levels in various systems. The traditionally used reference genes over the years were found to be regulated heavily based on sample sources and/or experimental conditions. This paper
microarray enable researchers to try out different statistical methods to evaluate gene stability. Yim et.al attempted to discover reference genes for expression studies in Soybean using two measures -(i) CV and (ii) p-value from a normality test assuming that the true reference genes should follow Normal distribution across samples [24] . An automated workflow called findRG [25] was proposed to find reference genes in different plant species and human cancers using CV as the primary measure. Hoang et.al used geNorm and Normfinder algorithms to identify reference genes for non-melanoma skin cancers from RNA-sequencing data [26] .
Even for using these stability finding softwares, PCR efficiency should be taken into consideration as it can lead to bias of stable genes, if ignored [27] .
Different studies have validated sets of reference genes on different platforms [28] [29] [30] [31] [32] [33] [34] [35] . Though all the efforts focused on identification of genes with least variation across samples, a systematic data science-based approach was not found in human disease areas, particularly in cancer. The present study focuses on validating reference genes in HNSCC, using an unbiased -omics approach in all the three major model systems of research (cell lines, patient samples and primary cultures) considering difference in origin and drug resistance. Common list of reference genes across multiple platforms will help researchers to reduce the inter-sample variability and thus arrive at an unambiguous data interpretation.
Results
Statistical Analysis of RNA-sequencing data From 56,318 genes from cell lines and 60,483 genes from patient data set 18, 764 and 19,661 protein coding genes respectively were selected. Protein coding genes with non-zero expression values in at least 50% of the samples (in cell lines 16, 607 and patient samples 17, 477) were exclusively chosen. After assigning the genes into standard quartiles based on median expression value, 8,303 and 8,738 genes were in middle quartiles for cell line and patient datasets respectively. Clustering results of each dataset based on z-scores of CV and MAD are shown in Fig 2a and b for cell lines and patient datasets respectively. Cluster 2 from cell lines and cluster 1 from patient dataset was chosen due to minimum medoid z-score. Number of genes in the selected clusters from cell line and patient dataset were 3,893 and 4,188 respectively, with 2,744 genes common between both clusters.
To rank the genes within each cluster, we defined a combined score as average of normalized values of CV and MAD. Comparison of this score for each gene in the cell line and patient dataset shows that they are moderately correlated with r = 0.48 ( Supplementary Fig 1) .
After programmatically pruning the list of 2,744 genes based on stop-words in their GO annotation to remove DNA binding proteins or transcription factors, a list of 675 candidate reference genes was obtained, from which the top 20 candidates with least value of combined score was selected for primer design and experimental validation.
Selection of Commonly Used Reference Genes
Pubmed search yielded a total of 118 unique abstracts which were manually curated by two authors independently yielding 28 unique genes from 10 relevant articles.
Two genes RNA18SN2 (ribosomal RNA) and MTATP6P1 (mitochondrial RNA) were not captured in TCGA/CCLE mRNA-sequencing experiments, hence omitted from further analysis. Median expression values of 26 genes when divided into quartiles in patient samples in TCGA (Fig 3a) and in cell line data sets (Fig 3b) yielded only two reference genes -HMBS and TBP in the middle quartiles ( Fig 3) ; GAPDH, Beta Actin (ACTB) and HPRT1 were also chosen for further analysis because of their extensive literature based usage not only in head and neck cancer but also in other malignancies ( Supplementary table 1 ).
Selection of Primers
From the top 20 selected candidates from publicly available data (TCGA and CCLE), melt curve analysis ( Supplementary Fig 2) gave 11 genes with a single amplicon among which 8 genes had primer efficiencies ranging from 90-110% [48]. Among the 5 commonly used reference genes 4 had acceptable range of primer efficiency (Table 1 ) thus making the total number of selected candidate reference genes to 12.
Expression Behaviour of Candidate Genes in Cell Lines
Candidate reference genes when analysed in CCLE dataset (Fig 4a) revealed the expression of GAPDH and ACTB to be in the 75% quartiles of median expression level which if used as reference genes will miss out most of the overexpressing genes while over-predicting the down-regulated genes. The spread of both these genes are also larger than the other genes, especially obtained from the unbiased statistical analysis, indicating variations of expression among cell lines. The trend is similar in the in-house data ( Supplementary Fig 3) though not as pronounced due to small dataset (8 in-house against 33 of CCLE). As shown in Fig 4b expression pattern of the candidate genes in drug resistant Cal27 cell lines showed different level of regulation, the least being in RIC8B and maximum in HPRT1.
Expression patterns were checked in the characterized primary cultures ( Supplementary Fig 4a and b ). Passage numbers did not have any effect on genes like CEP57L1 and TYW5 whereas some genes like VTI1A showed huge variation ( Fig   4c) . Epithelial and fibroblast cells from the same patient samples expressed CEP57L1 and TYW5 at equal levels whereas VTI1A was regulated (Fig 4d) .
Behaviour of Candidate Genes in Patient Samples
Analysis of effect of tumor location in 500 TCGA dataset did not reveal any variation for all the 12 candidate genes Fig 5a and b with 44 unmatched normal showed similar profiles with very high expression of GAPDH and ACTB and moderately high expression for TBP and HPRT1 in TCGA dataset. However, GEO dataset of 61 Tumor samples of Indian origin threw a different light pointing out higher variation in some of the stable genes obtained from TCGA (Fig 5c) . Fold change analysis on a total of 10 matched adjacent normal and tumor samples from the in-house repository showed almost similar variations for all genes (Fig 5d) . All of these results indicate need of a different reference gene set in the tumor set from Indian population compared to the stable genes found in analysis of Caucasian pool from TCGA.
Stability Analysis of candidate reference genes
Stability analysis of all 12 candidate reference genes using Cq values from all patient samples (both tumor and normal), cell lines and primary culture was carried out using RefFinder tool [49] . Geometric means of ranks obtained from both algorithms was used to rank the top 5 most stable genes -TYW5, PLEKHA3, RIC8B, CEP57L1 and GPR89B ( Fig 6) .
TYW5 functions in iron binding and the biosynthesis of a hydroxywybutosine (a hyper-modified nucleoside) in tRNA by catalysing hydroxylation [50] . RIC8B guanine nucleotide exchange factor can activate some G-alpha proteins by changing bound GDP to free form GTP [51] . PLEKHA3 has several biochemical functions and is involved in golgi apparatus to cell surface trafficking of protein cargo [52] . CEP57L1 has been seen to be required for microtubule attachment to centrosomes [53] [54] .
GPR89B lastly is required for proper functioning of Golgi apparatus by maintaining the voltage dependent anion channel [55] .
Discussion
The choice of reference genes becomes crucial for expression analysis of gene of interest. Levels of reference genes therefore, should remain unaltered in any given condition. The genes required for regular operations of a cell i.e. the house keeping genes were the obvious choice of reference genes. However, their expression has been shown to alter depending on different conditions. Considering only the functional aspect of the reference genes have led to erroneous picks. The functions of the chosen genes from the study also vary differently. TYW5 functions in iron binding and the biosynthesis of a hydroxywybutosine (a hyper-modified nucleoside) in tRNA by catalysing hydroxylation [50] . RIC8B guanine nucleotide exchange factor can activate some G-alpha proteins by changing bound GDP to free form GTP [51] .
PLEKHA3 has several biochemical functions and is involved in golgi apparatus to cell surface trafficking of protein cargo [52] . CEP57L1 has been seen to be required for microtubule attachment to centrosomes [53] [54] . GPR89B lastly is required for proper functioning of Golgi apparatus by maintaining the voltage dependent anion channel [55] . Therefore, the choice of reference genes based only on their function is not sufficient. Current study thus offers an unbiased data-science based approach to shortlist reference genes. Most reliable reference genes should not be regulated across various platforms used in different gene expression analysis experiments like different cell lines, tumor and normal samples originating from different locations, various primary cultures across different passages or different drug treatment. Extreme expressions of the reference genes can also either mask or falsely focus on differential expression of target genes. Thus, we have chosen a set of genes with moderate levels of expression across samples from various public databases by rigorous statistical analysis considering multiple parameters like CV and MAD.
Moreover, they are extensively validated experimentally under different conditions as described.
The study reported here is a major improvement over similar approaches found in literature, even co-authored by two authors (AS and MAK) from this study [35] . 
Conclusion
The present study offers an unbiased; -omics based approach to arrive to a set of candidate genes which can be used as reference genes not only across different conditions, but also across three major platforms of research -cell lines, primary cultures and patient samples. Candidate genes, 12 in number, when checked by qPCR in 35 different systems (Fig 6 a) and subjected to RefFinder, chose 5 genes to be the most stable (Fig 6b) : TYW5, RIC8B, PLEKHA3, CEP57L1 and GPR89B. Although, a robust method for the choice of reference genes has been developed, still sequence data from Indian samples are required to come to an unbiased set of reference genes. The study therefore calls for an Indian Cancer Genome Atlas.
Methods

Gene Expression Data Acquisition
As represented in To assess stability of a gene, two measures were adopted -(i) CV = x ̂ σ x where x â nd σ x are mean and standard deviation of a variable x respectively and (ii) the normality p-value measured by the Shapiro-Wilks Test (p-value < 0.05 indicates the distribution to be away from Normal) [24] . CV, albeit most frequently used, is affected by outliers, and hence fails to be a robust measure. To address this, a third parameter -MAD = m e d i a n x -x ̂ (where x ̂ is the median of x) [42] was used after normalization with median. MAD is a measure of the spread of the distribution and being based on medians, is less susceptible to deviations by outliers.
However, for the patient dataset, the Normality p-value calculated by Shapiro-Wilks
Test is <10 -4 for most genes, indicating that expression of none of the genes deviate from Normal distribution. Hence only CV and MAD were used as the two parameters for the study. An ideal set of reference genes should have low or similar statistical variation (e.g. CV and MAD) across samples. Therefore, genes were clustered based on their CV and MAD values (normalized to respective z-scores) using the PAM algorithm originally proposed by Kaufman and Rousseeuw [43] . Optimal number of clusters required is calculated using the Silhouette graphical method of Rousseeuw [44] . For patient and cell line dataset, the cluster having the lowest medoid value for CV and MAD z-scores was selected, and the intersection between the two clusters was 
Selection of Commonly Used Reference Genes
Most commonly used reference genes were shortlisted by literature based on their frequency of usage in published papers. No unique keywords were used by researchers to report studies on reference genes. Many such articles are not indexed with MeSH terms so that the subheadings can be used for disease-based search. Hence a very broad methodology was adopted in which all articles in Pubmed were searched for occurrence of any of the terms "reference gene" or "control gene" or "housekeeping gene" along with co-occurrence of the term "head and neck" or "oral" anywhere in the article. Obtained abstracts were manually curated by authors ND and SKD independently to find the relevant articles that described studies on reference genes specifically in the context of oral or head and neck cancer. The shortlisted 28 genes were run on CCLE and TCGA database for expression analysis for their segregation among four standard quartiles.
Design of Primers
Primers were designed (Table 1; supplementary table 2) 
Immuno-Cyto Chemistry
Coverslips with 5000 cells were fixed in 4% Paraformaldehyde (Fisher Scientific, #F79-1) followed by permeabilization with 0.1% triton X-100 (Sigma, #T8787), probed with anti-Pan cytokeratin, alpha SMA, FSP and vimentin (Dako, #M0725). The coverslips were processed with Dako Kit (Dako, #K5007). Presence of target proteins was visualised using DAB as chromogen and the cells counter stained with Haematoxylin (Himedia, #S034) and mounted with DPX mountant (Fisher Scientific, #18404) and examined under light microscope (Nikon ECLIPSE E200).
RNA extraction and cDNA conversion
Samples were collected in RNA later (Sigma, #R0901) and processed using MN kit (Macherey Nagel, #740955). RNA extraction for primary cultures and cell lines was done using TRIzol reagent (Ambion, #15596018) [47] and quantified using NanoDrop 2000 (Thermo Fisher Scientific) and QUBIT (Thermo, #Q10210). 1µg of total RNA was used for cDNA conversion using AMV Reverse Transcriptase enzyme (NEB, #M0277S) in a 20µl reaction as per manufacturer's instructions.
qPCR [3] qPCR was done on Roche LightCycler 480 II instrument using KAPA SyBr green Universal (Sigma, #KK4600) in triplicates in clear plates with adhesive sealers. 1µl from 1:5 diluted cDNA was used in a total of 5µl reaction volume containing SyBr mix, primers, cDNA template and water. The reaction conditions were -preincubation at 95°C for 10 seconds followed by the amplification for 45 cycles (95°C -1 second; 95°C -10 seconds; 60°C -15 seconds and 72°C -15 seconds). For further analysis, primers with single melt curve peak were chosen (Supplementary 
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